The performance prediction models in the Pavement-ME are nationally calibrated using inservice pavement material properties, pavement structure, climate and truck loading conditions, and performance data obtained from the Long Term Pavement Performance (LTPP) program.
INTRODUCTION
The performance prediction models in the Pavement-ME are nationally calibrated using the inservice pavement material properties, pavement structure, climate and truck loading conditions, and performance data obtained from the Long Term Pavement Performance (LTPP) program.
Due to the limited availability of Level 1 inputs, the nationally calibrated models are primarily based on Level 2 and Level 3 inputs (AASHTO 2008) . Generally, the nationally calibrated models may not perform well if the inputs and performance data used to calibrate those do not represent state design practices. Therefore, it is recommended that each state highway agency (SHA) conduct an evaluation to determine how well the nationally calibrated performance models predict local field performance. The local calibration of the Pavement-ME performance models is recommended to improve the pavement performance prediction capabilities reflecting the unique field conditions and design practices. Such calibration is performed to (a) confirm that the models can predict pavement distress and smoothness with minimum bias, and (b) determine the standard error associated with the prediction equations.
The local calibration of the performance models in the new mechanistic-empirical pavement design guide (MEPDG) is a challenging task, especially due to the deficiencies in the needed data. For the selected set of pavement sections used in models calibration, the data requirements include (a) a wide range of inputs related to traffic, climate, design and material characterization, (b) a reasonable extent and occurrence of measured performance data over time.
In addition to data requirements, the split sampling used for model calibration and validation further add to these complications. In the split sampling approach, generally 70% of the data are used for calibration and remaining 30% are utilized for validation. However, most of the States have a limited number of identified pavement sections for the local calibration. Therefore, there D r a f t Haider, Brink, and Buch 5 is a need to employ statistical methodologies that are more efficient and robust for model calibrations given the data related challenges encountered by SHAs.
In model calibration, a non-linear optimization fitting process estimates empirical model coefficients that are evaluated based on the goodness-of-fit criteria. The success of the local calibration depends on the dataset used. The local calibration guide (NCHRP Project 1-40B 2009) suggests using statistical techniques to validate the adequacy of the performance prediction models. Traditional split sampling provides one method to calibrate the performance predictions models. Furthermore, resampling methods such as jackknifing and bootstrapping are recommended because they provide more reliable and robust assessment of the model prediction accuracy than the split sampling methods. Different resampling techniques can improve the confidence in the local calibration coefficients. While traditional split sample approach uses a two-step process for calibration and validation, advanced resampling approaches can simultaneously consider both steps. Moreover, the goodness-of-fit statistics are based on predictions rather than on data used for fitting the model parameters. The efficiency and robustness of such approaches become more important when the sample size is limited. Different resampling methods can be used for the local calibration of the distress models including (a) split sampling, (b) bootstrapping, and (c) jackknifing. The main objectives of this paper are to (a) demonstrate the local calibration process for flexible pavement performance models, and (b) show the benefits of resampling approaches such as bootstrapping and jackknifing for local calibration of the flexible pavement performance models. The local calibration for flexible pavement performance models for alligator cracking, rutting and roughness in terms of international roughness index (IRI) in the State of Michigan are presented in this paper.
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BACKGROUND
The performance models for alligator cracking, rutting and IRI along with the calibration coefficients are summarized below.
Alligator Cracking
Alligator cracking is defined as cracks that initiate at the bottom of the HMA layers and propagate to the surface (bottom-up) with continued truck traffic in the wheel-path. Equation (1) shows the transfer function for bottom-up fatigue cracking in the Pavement-ME and the required calibration coefficients (AASHTO 2008) .
( ) 
where:
FC Bottom = Area of alligator cracking, percent of total lane area.
DI Bottom = Cumulative damage index at the bottom of the HMA layers. C coefficients in Equation(1) can be determined as:
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Surface Rutting
The rutting model predicts the permanent deformation in each layer/sub-layer incrementally for the entire analysis period. The rutting is predicted based on an incremental approach and D r a f t cumulative rutting over time is included in the output. The average vertical resilient strain is computed for each analysis period over the entire design life of the pavement. Equation (4) shows the current rutting model for the HMA layers. 
where: 
Surface Roughness (IRI)
Equation (7) shows the IRI prediction model in the Pavement-ME. There are four calibration coefficients in this model:
where: However, during the local calibration in Michigan, it was found that the site factor was coded based on the following equations in the Pavement-ME software: 
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Several SHAs' have performed local calibration of the flexible pavement performance prediction models. Table 1 summarizes the local calibration coefficients for a sample of States (Banerjee et al. 2009 , Glover and Mallela 2009 , Hall et al. 2010 , Kim et al. 2014 , Li et al. 2008 , Mallela et al. 2009a , Mallela et al. 2009b , Mallela et al. 2013 , Pierce and McGovern 2014 , Quintus and Moulthrop 2007 , Velasquez et al. 2009 In addition, the IRI model is fundamentally different from other distress models (e.g., fatigue cracking and rutting) because of its empirical nature (i.e., regression model) and dependence on the other distress models. Consequently, since IRI is related to construction and generally not adopted as design criteria, this might also be a reason that most of the States are adopting global IRI model.
PROCESS OF MODEL CALIBRATION AND DATA NEEDS
The NCHRP Project 1-40B (NCHRP Project 1-40B 2009) documented the recommended practices for the local calibration of the Pavement-ME performance models. The guide outlines the significance of the calibration process and the general approach for local calibrations of the models. The local calibration process is used to: (a) confirm that the performance models can predict pavement distress and smoothness with minimal bias, and (b) determine the standard error associated with the prediction equations. 
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The local calibration process includes the selection of an adequate number of pavement sections representing the state-of-the-practice for local conditions. A subsequent, essential step is to collect the required data for the selected in-service pavement sections. The data includes the information about the measured pavement condition over time, and several Pavement-ME inputs, for each project. The inputs directly affect the performance predictions. These predictions are compared to the measured performance of the as-constructed pavement sections. A pavement section is defined as a specific length of roadway corresponding to a construction project.
Pavement Management Data Needs
The first step in the calibration process was to evaluate the Michigan Department of Transportation (MDOT) Pavement Management System (PMS) database to extract the necessary measured performance data for the model calibrations. The measured performance data were obtained for the identified pavement sections. It is important to ensure that the local PMS distress data are consistent with the outputs of the Pavement-ME. Therefore, unit conversions may be required prior to comparing the measured and predicted distress. The MDOT PMS distresses were compared to the Pavement-ME predicted distresses. Only bottom-up fatigue cracking requires unit conversion. Bottom-up cracking is defined as alligator cracking in the wheel-path.
The MDOT PMS records alligator cracking in miles within wheel-paths. The conversion from miles to percent lane area is shown in Equation (12):
Length of cracking (miles) width of wheelpaths (feet) % 100 Length of project (miles) Lane width (feet)
The widths of each wheel-path and lane were assumed to be 3 and 12 feet, respectively, as recommended by the LTPP distress identification manual (Miller and Bellinger 2003) . It should be noted that the bottom-up and top-down fatigue cracking in the wheel-paths (6 feet) were D r a f t Haider, Brink, and Buch 13 combined due to the difficulty in determining the crack initiation at the surface (top or bottom)
for the observed fatigue cracking.
The rutting model in the Pavement-ME predicts rut depth for the HMA, base, and subgrade layers in the pavement structure. The prediction models are different for each layer and the sum of the rut depth in three layers represents the total surface rutting. Since the rutting models are different for bound (HMA) and unbound layers (base, subbase, and subgrade), the measured rutting for each layer is needed for calibration. The MDOT PMS database only reports total surface rutting. Alternatively, due to lack of available trench data, the transverse profiles for the selected pavement sections were utilized to estimate the rutting in the HMA, base and 
Adequate Number of Pavement Sections
The next step consists of determining the adequate number of pavement sections for local calibration based on the statistical requirements. The local calibration guide (NCHRP Project 1-D r a f t performance measure. The minimum number of sections is calculated using Equation (13) and the results are summarized in Table 2 for the flexible pavement performance measure.
Pavement Sections Identification
The pavement sections were identified to represent the current local construction practices in Michigan. Both reconstruct and rehabilitation pavement sections were considered for the local calibration. The flexible pavement types include new hot-mix asphalt (HMA) reconstruct, HMA overlay over existing HMA, HMA overlay over rubblized concrete pavements, HMA crush and shape, and HMA over intact concrete pavements. The pavement sections were selected based on the following experiment design for each pavement construction type. The factors and levels were selected to represent state-wide construction practices:
• Site factors: The site factors addressed seven regions, climate and subgrade soil types in the state.
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AADTT. The three levels were selected based on pavement class, trunk routes, US routes and Interstate routes.
• Surface Layer Thicknesses: Three levels of HMA thickness levels were considered; < 3, 3 to 7, and > 7 inches. These ranges covered new flexible pavement and overlay construction practices in Michigan.
• Pavement Age: Three pavement age levels were selected; < 10, 10 to 15, and >15 years.
Based on the experiment design, 169 flexible reconstruct and rehabilitation pavement sections were identified for the local calibration. The measured performance was extracted from the PMS database and analysed for consistency and to identify any abnormal performing pavement section.
Selection of Pavement Sections
The measured performance for each pavement section was compared to the FHWA expected pavement performance criteria (Rauhut et al. 1999) . For a robust local calibration, the distress magnitude should cover a range above and below the threshold limits. There is a cause for concern if a pavement section exceeds the expected performance at an early age. The Pavement-ME will not capture such premature failure and this causes significant differences between the measured and predicted distress. Figure 1 shows the measured alligator cracking, rutting and IRI for the selected pavement sections. As shown in the figure, several pavement sections exceeded the expected alligator cracking performance at an early age. The rutting and IRI performance followed expected trends except for a few pavement sections. The pavement sections which D r a f t exceeded the expected behavior at an early age (0-5 years) were excluded if the cause for such behavior was unknown. Such performance behavior can be attributed to many factors such as construction and measurement errors. However, the pavement sections which exhibited high levels of distresses in medium-term and cause of such behaviors were not available; those sections were kept in the calibration dataset.
Inputs Data Collection
The next step after pavement section selection consists of collecting the input data required to characterize the pavement sections in the Pavement-ME software. The accuracy of the input data directly impacts the performance predictions. The Pavement-ME uses a large number of inputs to characterize a pavement. Furthermore, the hierarchical structure of the Pavement-ME provides three levels for the important inputs. While the input data collection efforts were very time consuming, priority was given to the most sensitive inputs which affect the pavement performance predictions to make the process more efficient. The sensitive inputs which affect the performance prediction for new and rehabilitation design of flexible pavements were identified from previous studies , Buch et al. 2008 , Schwartz et al. 2011 . Additionally, the best available hierarchical input level was used to characterize the selected pavement sections. All input data reflect Michigan construction practices and were obtained from either, construction records, or results from previous research studies. Table 3 summarizes the inputs, corresponding input levels and sources for the available data used.
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Local Calibration of the Performance Models
The adequacy of the global model predictions is determined through performing three hypothesis tests. The hypothesis tests provide an indication if the models are biased. Bias is defined as the consistent under-or over-prediction of distress or IRI. The bias between measured and predicted distress/IRI is determined by performing linear regression, hypothesis tests and a paired t-test using a significance level of 0.05. Figure 2 shows a representation of model bias and standard error for various conditions. The model bias and standard error were determined by using
Equations (14) and (15):
Where n represents the total number of time series distress measurements. The next section presents a brief description for various sampling techniques.
Traditional Approach
The NCHRP Project 1-40B recommended split-sampling for local calibration of the Pavement-ME performance models ( values of the error, from which the jackknifing goodness-of-fit statistic can be computed. The jackknifed errors are computed from the pavement sections that were not used in calibrating the model coefficients. Thus, the jackknifing goodness-of-fit statistics are considered to be independent measures of model accuracy (Quintus et al. 2003) .
When comparing jackknife with bootstrap procedures, jackknife is less demanding computationally than the bootstrap and relies on dividing the sample observations into disjoint subsets, each having the same number of observations. In addition, the jackknife takes a fundamentally different view of the possible replicates of the statistic; it treats them as a finite collection whereas bootstrap resampling assumes that the replicates are a sample from the population of infinite size. When bootstrap is used to estimate the standard error of a statistic, it D r a f t
gives slightly different results when repeated on the same data, whereas the jackknife gives exactly the same result each time. The bootstrap is a more general technique and preferred to the jackknife.
In summary, bootstrap and jackknife are nonparametric and robust resampling techniques for estimating standard errors and confidence intervals of a population parameter such as mean, median, proportion, odds ratio, or regression coefficients. The main advantage of these techniques, especially bootstrapping, is that estimation of parameters are possible without making distribution assumptions. In addition, the approach is valid when such assumptions are in doubt, or where parametric inference is impossible or requires very complicated formulas for the standard errors estimation. On the other hand, there are several limitations of bootstrap method, especially when (a) using the methods for small data sets with outliers and (b) adopting bootstrap for time series data when the independent assumption is violated. Therefore, in order to address the limitations, the pavement sections were resampled instead of the individual distress measurements to maintain the time series data structure. It should be noted that the estimate of parameters by using bootstrapping is robust since it can be used to estimate the confidence interval (in this case 95% CI) for each coefficient, SEE and bias of the models. Therefore, the estimates are much better than just one value. However, there are caveats and conditions for obtaining the reliable and accurate results by using the resampling techniques like bootstrapping.
If the same size is limited and doesn't represent the population, the bootstrap estimates are not accurate. In addition, presence of outliers and high variability in the data can't be addressed by these techniques like any other statistical analysis methodology.
LOCAL CALIBRATION RESULTS AND DISCUSSIONS
The calibration process adopted for Michigan includes several data subsets (options) and re-D r a f t Haider, Brink, and Buch 21 sampling methods. This paper presents the local calibration results for only combined reconstruct and rehabilitation pavement sections.
The performance prediction models were locally calibrated by minimizing the sum of squared errors (SSE) between the measured and predicted distresses by using the following sampling methods (Haider et al. 2014 ):
1. No sampling (includes all data i.e., all sections were used to estimate calibration coeffs.)
2. Traditional split sampling (random selection of 70% sections for calibration and 30% for validation)
3. Repeated split sampling (1000 random resamples for method 2)
4. Bootstrapping (1000 random resamples with replacement)
5. Jackknifing (n-1 samples for calibration and 1 sample for validation, resample n times)
The different resampling techniques were used to sample data and then determine the best estimates of the local calibration coefficients along with the associated model SEE and bias.
These techniques were considered to: (a) address data limitations, especially due to limited sample size, and (b) employ more robust ways of quantifying model standard error and bias.
Comparisons of the SEE and bias between all the resampling techniques are presented in Figure   3 for the alligator cracking, rutting, and IRI models, respectively. The results show that the bootstrapping provided the lowest or somewhat similar SEE compared to all other resampling techniques. Additionally, it is expected that bootstrap resampling provides the lowest SEE because it can account for the variability within the dataset (random sampling with replacement).
Since, the calibration was performed on a large enough sample size; the bootstrapping technique did not improve the SEE and bias among different sampling approaches as expected. However, it is anticipated that there will be significant difference in SEE and bias among resampling D r a f t approaches for a smaller sample size. Such results were observed for local calibration of the rigid pavement sections in Michigan (Haider et al. 2014) .
As an example, the bootstrap and jackknifing model calibration coefficients and statistics distributions are shown for the rutting model in Figure 4 . The results show the variability of the SEE, bias and calibration coefficients as well as the 95% confidence interval (CI In order to address this limitation, bootstrap resampling was performed 1000 times to study the variability of the calibration parameters. 
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The locally calibrated performance models should be able to predict pavement performance for the projects which were not included in the calibration. This process is necessary to validate the robustness, accuracy and adequacy of the models predictions.
Therefore, considering the robustness and efficiency of bootstrapping, the original dataset was divided into two subsets. While 80% of pavement sections were used to calibrate the models, 20% were later utilized for validation. A total of 1000 bootstrap samples were obtained for 80%
of the sections to estimate expected model coefficients and then those coefficients were used to validate the predicted performance for the remaining 20% of the sections. there is still a significant difference for alligator cracking. Even though the hypothesis tests are rejected, the SEE and bias is lower as compared to the global model and gives a better prediction using local design practices. Table 5 summarizes the recommended local calibration coefficients for the flexible pavement performance prediction models in Michigan. The reliability of each model was updated to reflect the changes due to local calibration. Figure 6 shows an example of residual plots for global and local rutting models. The residuals can be used to validate the assumptions (e.g. linearity and constant variance) of regression models. The global rutting model residuals clearly show the violation of regression assumptions and indicate a significant bias between predicted and measured rutting. On the other hand, as shown in Figure 6 (b) the local calibration of the rutting model significantly reduced bias and distributes the residual in a random fashion. Similar results were observed for IRI model. However, the residual distribution for the local alligator cracking was a little skewed but much better than that for the global model.
The reliability of the trial design is dependent on the model prediction error (standard error) of the distress prediction equations. Therefore, the reliability equations (i.e., the relationship between the mean predicted distress and the standard deviation of the measured distress) will need modifications to incorporate the impact of the local calibration. There are two main methods to determine the design reliability for various performance models flexible pavements:
• Method 1: Reliability determined based on the relationship between the mean predicted distress and standard deviation of the measured distress.
• Method 2: Reliability based on the standard error by using the variance approach.
The alligator cracking and rutting model reliability was determined based on method 1 while method 2 was adopted for the IRI model. Figure 7 presents the differences in standard errors between global and local models for alligator cracking and rutting models for reliability determination. The comparison between the standard errors for alligator cracking model show a gradual change in the function. From the design point of view, the local model will predict higher cracking as compared to the global model, especially at lower and higher levels of fatigue damage and thus will be more conservative for design. These results are expected based on the variability of measured alligator cracking on Michigan pavements. On the other hand, the global model will predict much higher rutting than local model and thus will result in more conservative design based on rutting reliability. Much lower rutting levels were observed; therefore, the local reliability equations are a better representation for the pavement sections in Michigan. These results of local calibrations show that most of the flexible pavement designs will be controlled by alligator cracking in Michigan.
CONCLUSIONS
The evaluation of the Pavement-ME global performance models showed that there is a need for local calibration for Michigan pavements. This paper presents the use of resampling techniques to locally calibrate the performance models for flexible pavements. The locally calibrated
Pavement-ME models improved performance prediction accuracy. The results of the local calibration show that SEE and bias obtained from bootstrapping were somewhat similar among resampling techniques. However, the bootstrap validation model statistics were similar to that of the calibration, which indicates robustness of the local model coefficients. Since, bootstrap estimates of the model coefficients are more robust, the design reliability will also be more representative for the local conditions provided the sample size is adequate.
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From the design point of view, the local alligator cracking model will predict higher cracking as compared to the global model and thus will be more conservative. The local rutting model will predict lower amount of rutting as compared to the global model based on the observed rutting performance in Michigan. Therefore, the local reliability equations are a better representation for the pavement sections based on observed pavement performance in Michigan. 1. Level 1 is project specific data, pseudo level 1 means that the inputs are not project specific but the material properties (lab measured) corresponds to similar materials used in the project 2. Level 2 inputs are based on regional averages in Michigan 3. Level 3 inputs are based on statewide averages in Michigan D r a f t High bias, high std. error (c) No bias, low std. error (d) No bias, high std. error 
